The urban clusters in the Middle Reaches of the Yangtze River (MRYR) in China include the Chang-Zhu-Tan urban agglomeration, the Wuhan metropolitan area, and the Poyang Lake urban agglomeration. While previous studies of urban expansion in China focused mainly on the coastal regions, this study aimed to investigate urban expansion patterns and factors in the MRYR, which are crucial for urban development in Central China. A neighborhood statistics analysis (NSA) method and a local-optimized threshold method were used to detect urban changes during 1992-2011 from the time-series Defense Meteorological Satellite Program's Operational Linescan System (DMSP/OLS) nighttime light (NTL) images. The evolution of urban expansion intensity and landscape metrics were analyzed at multiple spatial scales, including the whole region, urban agglomeration, and city scales. Finally, the expanded STochastic Impacts by Regression on Population, Affluence, and Technology (STIRPAT) model was built to explore the factors that controlled NTL intensity. The results revealed that urban areas extracted from the NTL data were consistent with those extracted from the Landsat Thematic Mapper data, with an overall accuracy of 81.74% and a Kappa of 0.40. A relatively slow urbanization pace was observed from 1992 to 2002 in the MRYR region, which then accelerated in the period of 2002 to 2007 and then slowed down between 2007 and 2011. Additionally, urban expansion exhibited a radial pattern. The results further indicated that major factors controlling NTL intensity were gross domestic product, followed by total investment in fixed assets, tertiary industry, urban construction area, non-agricultural population, and industrial output in the city clusters. The study provides important insights for further studies on the urbanization processes in the MRYR region.
Introduction
Urbanization is a complex process involving rural-urban shift, urban expansion, and land use change [1] [2] [3] [4] [5] [6] . The urban expansion process leads to a shortage of natural resources, a number of environmental changes and even disasters on multiple scales [7] [8] [9] . Thus, obtaining timely and accurate information about urban expansion is vital to optimize the layout of urban space and land-use patterns, extraction and sprawl analysis using time-series NTL data. The combined method will be described in Section 3.
The objectives of this study were: (1) to extract urban sprawls and provide a quantitative analysis of the spatiotemporal patterns of urban growth for the city clusters in MRYR; and (2) to explore the driving factors of urban expansion in the region by using an extended STIRPAT model.
Study Area and Data

Study Area
The city clusters in the MRYR are large urban agglomerations located in Central China. On 5 April 2015, the MRYR city clusters development plan was unveiled as the first cross-regional urban agglomeration planning by the State Council of China. The whole region consists of three medium-scale urban agglomerations: the Wuhan metropolitan area in Hubei Province, the Chang-Zhu-Tan urban agglomeration in Hunan Province, and the Poyang Lake city group in Jiangxi Province ( Figure 1 ). The region covers three provincial cities and 27 prefectural-level cities, which connects the relatively developed Eastern China with the developing Western China, and is considered a pillar of the Yangtze River Economic Belt. The total urban land area is about 317,000 square kilometers with total population of 121 million and GDP of 6 trillion Yuan.
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(a) (b) Figure 1 . Location of the study area: (a) location of the study area in China; (b) the composition of the study area.
DMSP/OLS Nighttime Light Data and Preprocessing
The version 4 DMSP/OLS stable NTL data were obtained from the National Geophysical Data Center (NGDC, http://www.ngdc.noaa.gov/dmsp/download.html). There were six sensors collecting NTL data from 1992 to 2013: F10 (1992) (1993) (1994) , F12 (1994-1999) , F14 (1997-2003) , F15 (2000-2007) , F16 (2004) (2005) (2006) (2007) (2008) (2009) , and F18 (2010) (2011) (2012) (2013) . Considering the availability of the corresponding socioeconomic data for the time period, we used the NTL data in 1992-2011 (Table 1) .
The digital number (DN) of the NTL images ranges from 0 to 63, which excludes the NTL signal generated by sunlight, moonlight, clouds, and ephemeral events, such as flares and fires. Due to differences in satellite orbits and sensor degradation, measurements of NTL brightness could differ significantly even when the observation target has not changed. To minimize noise and discrepancies, the original DMSP/OLS NTL data needed inter-calibration, intra-annual composition, and inter-annual correction.
The inter-calibration of night stable light data was performed by using a second order regression model provided by Liu et al. [32] . We developed the second-order regression to empirically inter-calibrate the annual nighttime light products to match the composite of F16 in 2007 and obtained the coefficients in the regression model for the annual composites. 
The version 4 DMSP/OLS stable NTL data were obtained from the National Geophysical Data Center (NGDC, http://www.ngdc.noaa.gov/dmsp/download.html). There were six sensors collecting NTL data from 1992 to 2013: F10 (1992-1994), F12 (1994-1999) , F14 (1997-2003) , F15 (2000-2007) , F16 (2004-2009), and F18 (2010-2013) . Considering the availability of the corresponding socioeconomic data for the time period, we used the NTL data in 1992-2011 (Table 1) .
The inter-calibration of night stable light data was performed by using a second order regression model provided by Liu et al. [32] . We developed the second-order regression to empirically inter-calibrate the annual nighttime light products to match the composite of F16 in 2007 and obtained the coefficients in the regression model for the annual composites.
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Auxiliary Data Sets
Socioeconomic indicators for the 30 cities were obtained from the China Statistics Yearbook 1992-2011 [53] , which include urban area, urban population, Gross Domestic Product (GDP), total fixed asset, gross industrial output, and tertiary industry values. However, the "urban area" reported in the Statistical Yearbook is defined as the urban constructed areas covered by well-established infrastructures, i.e., urban built-ups. The urban area by this definition is smaller than the actual urban area [32, 33] . Therefore, Landsat TM imagery was used to assess the NTL-derived urban area, because the spatial resolution of Landsat TM data (30 m) is much finer than that of NTL data (1 km).
Considering the accessibility of cloud free Landsat TM images and the heterogeneity of urban development in the study area, we selected the images from 2009 to extract reference urban areas for five cities (Yueyang, Xiangtan, Zhuzhuo, Jingdezheng, and Xiangyang) and from 1995 and 2009 for three provincial cities (Changsha, Wuhan, and Nanchang).
Methodology
The methodology in this study included three steps: extracting urban extents from 1992 to 2011, analyzing the spatiotemporal patterns of urban expansion based on urban expansion intensity, direction, and landscape metrics, and exploring the driving factors of urbanization.
Extraction of Urban Extents
The neighborhood statistics analysis (NSA) and the local-optimized threshold method were used to extract urban extents. The combined method includes four steps: (1) identifying the demarcation ribbons between urban and rural areas through analysis of neighborhood statistics; (2) distinguishing the transition zone between urban and non-urban areas; (3) determining the local-optimized threshold in the transition zone for every city; and (4) extracting urban areas and conducting an accuracy assessment ( Figure 2 ). The first two steps were adopted from the NSA method proposed by Su and Chen [51] . To exclude false urban fragments, we added two conditions to pinpoint the transition zones in the second step.
One condition concerns whether or not the demarcation ribbons were closed and the other assessed whether or not the demarcation pixels in the transition zones had expanded outward since the previous year. When the two conditions were satisfied, the demarcation pixels would be assigned as transition zones. The third step was obtaining the local-optimized threshold value in transition zones for every city. By considering the temporal variation of the threshold, we obtained the thresholds for each city in 1992, 1997, 2002, 2007, and 2011 . Meanwhile, urban areas were extracted by the local-optimized threshold.
In order to assess the accuracy of the extracted urban areas, they were validated by comparison with urban extent delineation from Landsat TM images. Multiple Landsat TM data from 1995 and 2009 were selected to evaluate the dynamics of urban expansion in the MRYR extracted using NTL data. We obtained the raster result layers from the two source images. To match the two results, we converted the two-raster layers to the same resolution to enable the subtraction of urban pixels in ArcGIS. According to the intersection, we quantitatively obtained the similarities and differences between the two result layers and assessed the accuracy of the urban area extraction results from the NTL image.
Spatiotemporal Analysis of Urban Expansion
Urban Expansion Intensity
The urban expansion intensity index (UEII) was calculated to estimate the spatial distribution of urban sprawl in different times. The index is defined as:
where UEII represents the expansion intensity for the urban built-up area of a spatial unit during the time span t and t + i years. UDN t+i and UDN t represent the number of pixels within the urban built-up area at times t + i and t, respectively, and SDN stands for the total number of pixels in the spatial unit. By considering distinct urban development levels within each city cluster, we calculated UEII at three spatial scales: whole region, urban agglomeration, and city scales. The UEIIs were divided into four periods: 
Expansion Direction
Identifying urban growth directions improves the understanding of the spatiotemporal characteristics of urban development. This study adopted the gravity center of the urban area over the selected years to indicate the direction of urban expansion. The coordinates of the gravity center of urban land are calculated as:
where X and Y represent the longitude and latitude of the center of gravity, respectively, x i and y i denote the longitude and latitude of the ith grid, respectively, and DN i is the gray value of the ith grid. Accordingly, we identified three types of urban expansion, which corresponded to the movement of urban centers on three spatial scales.
Landscape Metrics
Urban compactness is one of the major indicators of sustainable urban development that has been widely used to measure urban forms [54, 55] . Meanwhile, fractal dimension can measure the degree of irregularity of urban land uses [56] . Thus, two landscape metrics, compactness ratio and fractal dimension, were employed to quantify the form of the evolution of urban expansion. Compactness ratio is calculated as:
where C denotes the compactness of the urban built-up area for a city, A represents the urban land area, and P is the perimeter of urban built-up area. C ranges from 0 to 1, with a greater C value indicating a more compact city. The internal space of a city is highly compacted if C equals 1, while it is loosely organized when C approaches to 0. Fractal dimension is calculated as:
where S t is the fractal dimension for a city at year t, P t represents the peripheral perimeter of the urban area within a city at year t, and A t stands for the urban area of the corresponding city. Empirically, the value of S t is between 0 and 2, with a larger S t indicating a more complex and irregular urban area shape.
Relationship between NTL Intensity and Urbanization Variables
Time-series NTL intensity can potentially reflect the characteristics of the urbanization process [57, 58] . Diverse statistical models have been proposed to explore the relationship between DMSP/OLS NTL brightness and urbanization indicators, such as population, economic activity, and land-use change [33, 59] . However, the contribution of various urbanization factors to the variations in NTL brightness has received less attention. Thus, we attempted to investigate the relationship between potential driving factors of urbanization and nighttime light brightness in three capital cities, Wuhan, Changsha, and Nanchang, by using a modified STIRPAT model.
The STochastic Impacts by Regression on Population, Affluence and Technology (STIRPAT) model, which originated in ecology, is used to quantify the stochastic impacts of population, affluence, and technology [60, 61] :
where I indicates the influence of environment; P, A, and T denote the factors of population, wealth, and technology, respectively; a is the coefficient term; b, c, and d are the indices of population, wealth, and technological factors, respectively, and e represents the stochastic error. The STRIPAT model has been widely used in studies of water resources, land resources, energy consumption, and environmental stress [62] . Considering the nonlinear relationship between the NTL brightness and urbanization dynamics, the quantitative relational model between urban land expansion and its driving factors could be built by the STRIPAT model. The model can be converted into the following logarithm model:
As the time-series NTL brightness characterizes the spatiotemporal trend of urban expansion, we expanded the STIRPAT model to build the quantitative relationship between NTL brightness and multiple urbanization variables as follows:
where L is the NTL brightness represented by the summation of NTL DN in the lit urban area, K is a constant, D is gross domestic product (GDP), P represents the non-agricultural population as urban population size, U denotes urban constructed area as the index of well-established infrastructures, I is industrial output which measures the degree of urban industrialization, E is the total investment in fixed assets as a policy factor, and S is tertiary industry as the service factor. ε is stochastic parameters; a 1 , a 2 , a 3 , a 4 , a 5 , and a 6 are the elastic coefficients. A 1% increase of P, D, I, E, U, and S would cause the growth of L by a 1 %, a 2 %, a 3 %, a 4 %, a 5 %, and a 6 %, respectively. As potential driving factors of urban expansion, the urban development variables could potentially be related to the temporal changes of NTL. Six urban development variables were chosen to carry out partial correlation analysis with NTL brightness. For this analysis, three capital cities were selected: Wuhan, Changsha, and Nanchang. The selected driving factors were normalized after the logarithm and principle components were generated. Then, a linear relationship between the principle components and NTL was established by the least square method.
The principal components were calculated as:
where F 1 represents principal components; ZD, ZP, ZI, ZE, ZU, and ZS are normalized variables corresponding to D, P, I, E, U, and S after the logarithm respectively; and w i represents the corresponding elastic coefficients. Figure 3 shows the urban extents of 30 cities in MRYR in 1992, 1997, 2002, 2007 , and 2011. Visually, every city experienced urban sprawl, but with different spatial and temporal characteristics. The response of NTL to the increase in urban area also varied across cities over time. Figure 4 shows the optimal threshold for each city in different years. The difference among the optimal threshold can reflect the diversity in urbanization level within the city cluster. From Figure 4 , the threshold representing the lightness of urban lit areas in every city continually increased from 1992 to 2011. Figure 3 further shows that the trend of urban sprawl was consistent with the increase in NTL luminous intensity. Due to the rapid development of urbanization in China in the period of 2002-2011, the value of the optimal threshold increased rapidly in all cities. This was especially true in Wuhan, Changsha, and Nanchang, where higher threshold values appeared to show the urban expansion in the provincial capital cities grew faster than prefecture cities during the same period.
Results
Urban Spatial Sprawl and Accuracy Assessment
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is industrial output which measures the degree of urban industrialization, E is the total investment in fixed assets as a policy factor, and S is tertiary industry as the service factor. ε is stochastic parameters; a1, a2, a3, a4, a5, and a6 are the elastic coefficients. A 1% increase of P, D, I, E, U, and S would cause the growth of L by a1%, a2%, a3%, a4%, a5%, and a6%, respectively. As potential driving factors of urban expansion, the urban development variables could potentially be related to the temporal changes of NTL. Six urban development variables were chosen to carry out partial correlation analysis with NTL brightness. For this analysis, three capital cities were selected: Wuhan, Changsha, and Nanchang. The selected driving factors were normalized after the logarithm and principle components were generated. Then, a linear relationship between the principle components and NTL was established by the least square method.
where F1 represents principal components; ZD, ZP, ZI, ZE, ZU, and ZS are normalized variables corresponding to D, P, I, E, U, and S after the logarithm respectively; and wi represents the corresponding elastic coefficients. Visually, every city experienced urban sprawl, but with different spatial and temporal characteristics. The response of NTL to the increase in urban area also varied across cities over time. Figure 4 shows the optimal threshold for each city in different years. The difference among the optimal threshold can reflect the diversity in urbanization level within the city cluster. From Figure  4 , the threshold representing the lightness of urban lit areas in every city continually increased from 1992 to 2011. Figure 3 further shows that the trend of urban sprawl was consistent with the increase in NTL luminous intensity. Due to the rapid development of urbanization in China in the period of 2002-2011, the value of the optimal threshold increased rapidly in all cities. This was especially true in Wuhan, Changsha, and Nanchang, where higher threshold values appeared to show the urban expansion in the provincial capital cities grew faster than prefecture cities during the same period. (Figure 7b ), indicating distinct development stages at different spatial units within the city cluster. The urban expansion intensity change for the Wuhan Metropolitan area was more similar to that of the entire cluster than other urban agglomerations. This reveals that change in urban area in the Wuhan Metropolitan area had the largest influence on the evolution of the urban spatial pattern for the whole city cluster. Meanwhile, UI curves of the provincial cities reflect their relatively higher influence on their corresponding urban agglomeration (Figure 7b,c) . (Figure 7b ), indicating distinct development stages at different spatial units within the city cluster. The urban expansion intensity change for the Wuhan Metropolitan area was more similar to that of the entire cluster than other urban agglomerations. This reveals that change in urban area in the Wuhan Metropolitan area had the largest influence on the evolution of the urban spatial pattern for the whole city cluster. Meanwhile, UI curves of the provincial cities reflect their relatively higher influence on their corresponding urban agglomeration (Figure 7b,c) .
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(c) Figure 7 . Changes in urban expansion intensity over different time periods: (a) the overall city cluster, (b) the urban agglomeration, and (c) the provincial cities. Urban expansion intensity exhibited significant differences among different urban scales during different periods (Figure 7b,c) . The major increase in UI value occurred in 2002-2007 for the Wuhan metropolitan area and Poyang lake city group. However, the UI value of the Chang-Zhu-Tan urban agglomeration continued to rise during the two decades and a major increase occurred in 2007-2011. Meanwhile, the three provincial cities exhibited different patterns of urban expansion. Figure 8 shows the shift in the centroid of urban areas of the entire city cluster along the MRYR, which was located in the city of Xianning from 1992 to 2011. Although the centroid tended to shift firstly from south to north in 1992-2001 and moved toward the east in 2007, it experienced an inverse change from north to south for the period of 2007-2011. This implies that the gravity center has been steady. Figure 9 shows the gravity centre movement of urban areas in the three urban agglomerations. The gravity centroid for each agglomeration shifted within its corresponding capital city from 1992 to 2011. Figure 10 shows the urban expansion pattern for the core cities, indicating a radial expansion pattern for each city. Figure 8 shows the shift in the centroid of urban areas of the entire city cluster along the MRYR, which was located in the city of Xianning from 1992 to 2011. Although the centroid tended to shift firstly from south to north in 1992-2001 and moved toward the east in 2007, it experienced an inverse change from north to south for the period of 2007-2011. This implies that the gravity center has been steady. Figure 9 shows the gravity centre movement of urban areas in the three urban agglomerations. The gravity centroid for each agglomeration shifted within its corresponding capital city from 1992 to 2011. Figure 10 shows the urban expansion pattern for the core cities, indicating a radial expansion pattern for each city. Figure 8 shows the shift in the centroid of urban areas of the entire city cluster along the MRYR, which was located in the city of Xianning from 1992 to 2011. Although the centroid tended to shift firstly from south to north in 1992-2001 and moved toward the east in 2007, it experienced an inverse change from north to south for the period of 2007-2011. This implies that the gravity center has been steady. Figure 9 shows the gravity centre movement of urban areas in the three urban agglomerations. The gravity centroid for each agglomeration shifted within its corresponding capital city from 1992 to 2011. Figure 10 shows the urban expansion pattern for the core cities, indicating a radial expansion pattern for each city. Figure 11 shows the urban compactness of each city in 1992, 1997, 2002, 2007, and 2011 . The compactness for most cities ranged from 0.6 to 0.8, indicating that the urban extent in these cities was relatively compact during 1992-2011. Significant changes in urban compactness were observed in certain cities with rapid urban expansion. For example, in Wuhan, the compactness decreased from 0.66 to 0.51 from 2002 to 2007 when urban expansion intensity was greater than in other time periods. However, the compactness ratio increased in 2007-2011 with the urban expansion intensity decreasing gradually. Table 3 shows that the fractal dimension for all cities ranged from 1 to 1.4, indicating that the entire city cluster had a regular urban boundary. The small change in fractal dimension for the urban boundary of every city in 1992-2011 also reveals that urban development remained smooth and steady during the study period. Figure 11 shows the urban compactness of each city in 1992, 1997, 2002, 2007 , and 2011. The compactness for most cities ranged from 0.6 to 0.8, indicating that the urban extent in these cities was relatively compact during 1992-2011. Significant changes in urban compactness were observed in certain cities with rapid urban expansion. For example, in Wuhan, the compactness decreased from 0.66 to 0.51 from 2002 to 2007 when urban expansion intensity was greater than in other time periods. However, the compactness ratio increased in 2007-2011 with the urban expansion intensity decreasing gradually. Table 3 shows that the fractal dimension for all cities ranged from 1 to 1.4, indicating that the entire city cluster had a regular urban boundary. The small change in fractal dimension for the urban boundary of every city in 1992-2011 also reveals that urban development remained smooth and steady during the study period. Figure 11 shows the urban compactness of each city in 1992, 1997, 2002, 2007 , and 2011. The compactness for most cities ranged from 0.6 to 0.8, indicating that the urban extent in these cities was relatively compact during 1992-2011. Significant changes in urban compactness were observed in certain cities with rapid urban expansion. For example, in Wuhan, the compactness decreased from 0.66 to 0.51 from 2002 to 2007 when urban expansion intensity was greater than in other time periods. However, the compactness ratio increased in 2007-2011 with the urban expansion intensity decreasing gradually. Table 3 shows that the fractal dimension for all cities ranged from 1 to 1.4, indicating that the entire city cluster had a regular urban boundary. The small change in fractal dimension for the urban boundary of every city in 1992-2011 also reveals that urban development remained smooth and steady during the study period. 
Urban Expansion Direction
Urban Expansion Form
Relationship between Nighttime Light Brightness and Urbanization
In the study, the total value of NTL intensity in a city was defined as the total of DN values within the corresponding NTL-extracted urban area. Figure 12 shows the time-series NTL brightness from 1995 to 2011 for Wuhan, Changsha, and Nanchang. As indicated in Figure 12 , the three cities exhibited positive but distinct trends of NTL growth from 1995 to 2011, which further reveals different urban expansion paths, both across cities and between time stages.
Remote Sens. 2017, 9, 1007 15 of 20
Relationship Between Nighttime Light Brightness and Urbanization
In the study, the total value of NTL intensity in a city was defined as the total of DN values within the corresponding NTL-extracted urban area. Figure 12 shows the time-series NTL brightness from 1995 to 2011 for Wuhan, Changsha, and Nanchang. As indicated in Figure 12 , the three cities exhibited positive but distinct trends of NTL growth from 1995 to 2011, which further reveals different urban expansion paths, both across cities and between time stages. The partial correlation coefficients for all variables for the three capital cities are shown in Table  4 . The correlations between NTL brightness and the driving factors were larger than 0.75, which also implies high correlations between independent variables. Note: L is the NTL brightness represented by the summation of NTL DN in the lit urban area; D is GDP; P represents the non-agricultural population; I is the industrial output standing; E stands for total investment in fixed assets; U denotes urban constructed area; and S is tertiary industry. The partial correlation coefficients for all variables for the three capital cities are shown in Table 4 . The correlations between NTL brightness and the driving factors were larger than 0.75, which also implies high correlations between independent variables. Note: L is the NTL brightness represented by the summation of NTL DN in the lit urban area; D is GDP; P represents the non-agricultural population; I is the industrial output standing; E stands for total investment in fixed assets; U denotes urban constructed area; and S is tertiary industry.
For Changsha, we calculated the principal components as:
where ZD, ZP, ZE, ZI, ZU, and ZS are the normalized variables corresponding to D, E, P, I, U, and S after the logarithm, respectively. We built the linear relationship between the principle components and ZL, representing the normalized variable corresponding to L after the logarithm, by the least square method. The linear relationship between ZL and F 1 for Changsha is as follows:
Further, we calculated the quantitative relationship between ZL and ZD, ZE, ZP, ZI, ZU, and ZS for Changsha as:
According to the calculation results, the value of constant K is 1 in the expanded STIRPAT model. Therefore, the corresponding quantitative relationship, based on the expanded STIRPAT model for Changsha, was built as:
Similarly, we built the STIRPAT model between the evolution of light brightness and urbanization dynamics respectively for Wuhan in Equation (13) and Nanchang in Equation (14) .
When GDP, total fixed asset investment, tertiary industry, non-agricultural population, urban constructed area, and industrial output increased by 1%, the average growth of NTL brightness for the three cities was 0.1767%, 0.1767%, 0.1750%, 0.1732%, 0.1699%, and 0.1519%, respectively. The model results reveal the contribution order of the six urbanization factors on the NTL brightness. GDP and total fixed asset investment had the largest significant influence on the NTL brightness. Meanwhile, with the rapid development of high-tech industry, the tertiary industry has notably become an important factor controlling the NTL intensity in the study area.
Discussion
NTL information provides an accurate, economic, and direct way to monitor the development of urban areas [25] [26] [27] [28] . Urban extent can be directly related to spatially luminous area derived from DMSP/OLS images. Time-series nighttime images can be used to measure urban sprawl in a more objective and consistent fashion, compared to the conventional census data. In this study, we combined the neighborhood statistics analysis and the local-optimized threshold method to detect urban expansion in the Middle Reaches of the Yangtze River during 1992-2011 (Figure 3 ). This combined method not only identified the urban extents from both the large urban areas and small urban patches, but also effectively prevented some fragments in suburban districts from being included in the extracted urban area for small-to medium-sized cities.
In order to assess NTL-derived urban area by this method, we compared the maps with the extracted urban areas from finer-resolution Landsat TM data. Landsat TM data have been widely used to extract the urban area in previous studies, and because of its higher resolution than NTL images (30 m vs. 1 km), it has been used for assessing NTL-derived urban extents [32, 50] . Compared with the extracted urban areas from the Landsat TM data, urban sprawls extracted using corrected NTL data well-represented the spatial patterns in the study area. The average OA of urban expansion in the three capital cities from 1995 to 2009 was 88.25% ( Figure 6 ). Compared to related research with an average OA of 86.27% for cities [32] , our results are promising at the city level.
However, we also recognized the urban area extracted from either the TM data or NTL data may have errors. The possibility and uncertainty of using Landsat data to evaluate NTL-derived urban extents has been discussed in many studies [32, 50] . The major sources of uncertainty can be categorized as follows: (1) difference between impervious surfaces and NTL-based urban definitions; and (2) limitations of DMSP OLS NTL data including coarse spatial resolution, saturation and blooming effects, and lacking an onboard calibration system. In addition, although Landsat TM data has proved feasible and acceptable for extracting urban areas, the available images contain uncertainties because of weather effects. Meanwhile, the data pre-processing process with geometric correction and resolution conversion inevitably will cause a loss of image fidelity.
From the spatiotemporal analysis of urban expansion viewpoint, we chose urban expansion intensity, direction, and form to show various spatial characteristics of urban extents at different spatial scales and different periods. Our results revealed the spatiotemporal heterogeneity of urban expansion in some cases. The results offer preliminary trend-analysis of the urbanization processes at the overall urban cluster level and the urban agglomeration level, as well as at the city level, which is vital for determining the drivers of local urban size changes. Further, the expanded STRIPAT model results indicated how long-term DMSP/OLS NTL brightness is affected by urban development factors driving the urbanization process. The main factors were gross domestic product, followed by total investment in fixed assets, tertiary industry, urban constructed area, non-agricultural population, and industrial output, although the statistical data may have some errors. The study could provide important insights for decision-making analysis in the future urbanization processes in the MRYR region.
Conclusions
In this study, we mapped the expansion of urban clusters in the MRYR by using time-series NTL images. Urban dynamics were investigated by combining neighborhood statistics analysis (NSA) with the local-optimized threshold method, with an overall accuracy of 81.7%. The results revealed that urban areas expanded significantly in the region during the period of 1992 to 2011, and that all cities exhibited dramatic growth in the past twenty years. However, the spatiotemporal heterogeneity of urban expansion existed at different spatial scales and in different time periods. The expansion of urban land was relatively slow in 1992-2002, but increased in 2002-2007, and then slowed down after 2007. Urban expansion direction and form also showed various spatial characteristics of urban extents at different spatial scales and across temporal stages. Overall, the city clusters in the MRYR region displayed a compact and radial urban expansion model.
Rapid economic development and urbanization were the primary reasons for urban expansion in the city clusters. This study built an expanded STIRPAT model for the three capital cities to investigate the relationship between the NTL brightness and six selected urbanization variables. The results revealed that long-term NTL brightness was affected by urbanization factors. Especially, we found that tertiary industry could be a salient factor in urban expansion in the main cities in the future.
